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The prospect of finding love may be scary but the prospect of committing to a relationship for the
rest of your life is almost certainly scary. The secretary problem is a parallel to romantic decision
making where an individual decides when to be satisfied with a selection choice in the face of uncer-
tain future options. However, the secretary problem and its variations still do not provide a practical
solution in a world where individual preference, goals, and societal context create a highly complex
space of values that factor into decision making. In light of these complexities, we offer a general
process that can determine the value of romantic options in a highly personal context. This algo-
rithm is currently being developed into a service that will be available in 2015 for the general public.
Expressions and equations used and referenced in this release are for illustrative purposes
and may not reflect the actual methodologies employed. Moreover, only some features and routines
incorporated in the algorithm are described.
Usage:
I. INTRODUCTION
Online matchmaking services are extremely popular
with about one third of marriages beginning with online
dating [1]. Considerable effort has gone into in the
development of personality tests that match people
together based on results of psychometric assessment.
While proprietary, there are many rudimentary methods
available to perform matchmaking (e.g. [2]). However,
existing services for matchmaking often merely consider
single users and identify potential matches between
people who have not yet met.
While this serves as a viable means of introducing
people who may be compatible, it neither offers the
ability to determine long-term quality of relationship
as a function of assessed personality and other system
behavior nor the ability to weight a romantic option
against other options. Inherent in the latter is the ability
to forecast the probability of meeting a person, whether
online or offline, who may be considered a compatible
romantic match.
Work has been done to refine aspects of the secre-
tary problem [3] in a manner that provides additional
clarity to its application in non-idealized contexts. For
instance, this may include selecting subpopulations of
a population [4], human performance in solving the
secretary problem [5], discounting [6], weighting [7], and
many others.
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In applying previous work, we must first consider
new assumptions in our variation of the secretary
problem. To do so, we define the following elements of
the system:
• The user is the subject, the individual making the
romantic decision.
• Groups contain individuals that may or may not
meet high-level demographic requirements set by
the user. High-level demographic requirements in-
clude gender, age, etc.
– Subgroups exist and can be most simply un-
derstood as a subset of a whole group, or
more precisely, the intersection of two or more
groups (e.g. gender, location, and ethnicity).
• Traits are quantitatively assessed values of an indi-
vidual’s personality.
• Suitors are individuals within a group that meet
the user’s high-level demographic criteria. There
are two categories of suitors:
– Failed matches are suitors that the user will
not entertain for a relationship due to mis-
match of personality traits, lack of attraction,
etc or suitors that will not accept the user for
similar reasons.
– Matches are suitors who fit the user’s require-
ments and vice versa.
• In cases where the user is in a relationship, a part-
ner is the individual with whom the user shares a
relationship.
• Quality is the user-based criterion by which we de-
termine utility along any trait dimension. Though
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2overly simplified, we can consider D−dimensional
proximity of a suitor’s traits from the user’s ideal
partner traits an example of quality. Though for
psychological and relationship dynamics (not psy-
chodynamic!) this example is undoubtedly an over-
simplification.
With key system elements defined, we make the fol-
lowing assumptions that vary from existing solutions of
the secretary problem:
1. A romantic partner may already exist which has its
own unique value to the user.
2. User behavior, such as character and social behav-
ior, is unknown a priori.
3. There may exist more than one group that the user
interacts with.
(a) These groups are distinct and unique except
in cases of an intersection of group that the
user interacts with, creating a subgroup
4. Information exists or can be meaningfully extrap-
olated from other information on the amount of
suitors, failed matches, and matches within a
(sub)group.
5. Information exists or can be meaningfully extrap-
olated from other information on the frequency of
interaction between a user and groups with whom
the user interacts.
(a) Information exists or can be meaningfully ex-
trapolated for bias of interaction of subgroups
within known groups.
6. Information regarding user preferences and roman-
tic history is known from which reasonable extrap-
olations on romantic attraction and success can be
made.
7. Values representing quality, user satisfaction,
and/or stability of a relationship exist and
(a) can be determined using utility functions
which are themselves a function of constants,
initial conditions, personality traits, etc.
With these assumptions we see a contrast with previous
variations of the Secretary problem. Notably, unknown
user behavior and social context, incorporation of a
value function for each suitor and match, dynamic
system behavior, and the existence of significant quan-
tified information of groups present a new variation
of the Secretary problem. Our internal studies have
demonstrated that the available, closed-form solutions
in literature are not relevant in all user cases. With
little imagination, it is possible for the reader to reach
a similar conclusion that closed-form solutions available
are not always appropriate or descriptive.
In acknowledgement of the open-endedness of the
problem as allowed by our assumptions, we have
developed a numerical framework for simulating the
availability and value of romantic options. The Nanaya
algorithm seeks to simplify a complex, highly dimen-
sional problem in a manner that provides consistent
results robust to varying user context. We further
acknowledge that there is a limited ability to genuinely
quantify initial conditions of social behavior, let alone
personality, love, and emotions. The evolution of love
and romantic options is truly chaotic - but Nanaya
provides a sensible estimate.
II. NANAYA ALGORITHM FRAMEWORK
Notably, we suggest that what is presented in this
paper is at the highest level a framework. We cannot
offer explicit systems of equations nor acknowledge the
level of detail actually incorporated due to sensitivity.
We invite readers to use their imaginations as neccasry.
Our algorithm for forecasting long-term romantic
futures must be interdisciplinary; i.e. a framework that
strictly utilizes mathematical and economic description
without incorporating sociological and psychometric
elements cannot provide any meaningful insights, let
alone solutions. In our theoretical work, we determined
many shared variables between psychometric results and
factors used in sociological modeling and derived utility
functions.
Figure 1 depicts the flow of the algorithm, not the
user experience. We assume datasets or extrapolations
exist or that allow for meaningful calculation of required
secondary variables, e.g. match probabilities.
Assessment of inputs is the acquisition of user data
such that all primary variables, e.g. psychometric test
results, are obtained. In determining match probabilities
we utilize existing databases or extrapolations thereof to
determine raw probabilities, PG(t), of finding matches of
various quality across G groups that the user interacts
with. Sociological modeling forecasts rates of interaction
between a user and groups with which they interact
based on which cumulative probabilities of finding a
match can be ascertained. Utility function valuation
calculates the utility as a function of time for the user
for any given relationship and the utility of strictly
being alone. To simulate potential future matches we
generate a pseudorandom set of suitors via Monte Carlo
simulation. All results can be later reported. The
following subsections further detail these processes.
3FIG. 1. The high-level process of the Nanaya algorithm.
A. Assessment of Inputs
All required inputs are entered by the user. These
inputs cover user psychometric assessment that assesses
user personality and desired traits in a partner, popu-
lations to which the user belongs, their history in these
groups, and emotions about the user’s current relation-
ship, if applicable.
B. Determining Match Probabilities
From user inputs, we can determine the subgroups
that a user interacts with from which suitors exist.
User desired partner traits are determined in terms of
a window of compatibility for each desired trait, i.e. a
range of trait values consistent with the user personality
self-assessment. From subgroups and windows of com-
patibility we can derive the single encounter probability
of finding a match. Single encounter probability is the
chance that on any given encounter, the person in a
(sub)group may be a romantic match for the user. It
is found by searching within the database for all users
within desired subgroups by the user across all trait
dimensions. All matches falling within all windows of
compatibility can also be further constrained based on
proximity with the mean of the windows. This proximity
can be considered a possible measure of match quality
with more distant matches being of less quality.
In the event a subgroup is not statistically signifi-
cant its definitions will be varied in a self-similar manner
as a function of the most sensible local topographies in
the dataset.
Probabilities are also determined in time based on
direct user input and personality self-assessment to
adjust for varying interest in partners in time. For
instance, we consider the effect of increasing or de-
creasing sizes of windows of compatibility in time to
account for romantic desperation or neuroticism in time.
Forecasted demographic shifts in time at static locations
or demographics patterns can also be incorporated. This
will vary the single encounter probability of finding a
match in time.
In contrast, Here we can consider a method em-
ployed in the literature as an example [8] for finding
“love.” While we insist that “love” is something wholly
incalculable due to its nature, the probability of finding
romantic matches is more appropriate. Moreover, we
note significant gaps in [8] in the framework for deter-
mining single encounter probability how population bias
is treated. Rather than relying on Drake’s Equation, we
take a first principle’s approach to solving the problem of
determining single encounter probabilities. This allows
us to be as inclusive or exclusive as possible in defining
populations while simultaneously noting the biases that
exist in demographics. This was subjectively quantified
in [8].
C. Sociological Modeling
Without knowing the number of people a user inter-
acts with, the single encounter probability of finding
4FIG. 2. A simple toy model for determining the cumulative probability of finding a match as an urn model. Each urn
has a certain total number of balls, of which some fraction,P are desired. A mechanical arm is lowered to draw a ball at a rate n˙.
In the real life case, each group of size Npop has its own single draw probability, Ppop(t), as a function of time along
with draw frequency, n˙pop(t). Here we assume that replaceability is irrelevant as Npop >> 1. Moreover, the illustration does
not incorporate mechanisms for demographic shift within (sub)groups; we acknowledge this exists.
a match is useless. Therefore it is vital to estimate
the number of people a user interacts with within each
(sub)group to determine the probability of finding a
partner.
We maintain such an estimate of frequency of in-
teraction is calculable and, minimally, a function of
user personality, population characteristics such as
demographics and size, and user social history within
the group. Such estimates are approximate and ap-
proximately verifiable through empirical study. Several
functional forms of the model were studied for accuracy
and exist for different personality types and social
circumstances.
Each (sub)group the user interacts has its own time
varying single encounter probability and frequencies of
interaction. Using these, we determine a cumulative
probability in time of finding a match. This problem is
a modified urn problem Figure 2 illustrates the problem
with a toy model. Notably, results from Nanaya may
lead to investigating a variation of the Urn problem
wherein “mutation” occurs after a selection event. In
our case, that would be personality shift as a result of a
relationship prior to returning to the original population.
For simplicity, in this paper we assume very large
populations. At this limit we consider a binomial
distribution for determining cumulative probabilities
of finding matches. With such an approach we can
determine weighted average single encounter probability
across populations as a function of total encounters
per group. Here, their time average single encounter
probabilities are appropriate. We can then determine a
cumulative probability as a function of time per group
using the fractional probability over the normalized sum.
The complexity of the analytical solution increases
in cases where groups depart from the large N limit
and in incorporation of user desire to revisit previously
rejected and/or failed matches.
The prototype for the Nanaya algorithm was de-
signed for the large N limit and static single encounter
probabilities. Thus, we can consider the example of a
user and their chances of finding a match in time in this
simple case. The prototype integrates results of single
draw probability determination for each (sub)group and
uses the sociological modeling to determine probabilities
of encountering a match. Figures 3 and 4 both show the
5FIG. 3. The probability in time of finding a match for a 28
male year old user as broken down in terms of quality. We
define ideal to be of some arbitrary criterion, a function of
quality, which is exclusive of all matches. For example, we
note that the interactions of the user in this case study make
it likely that most matches will be of ideal quality.
FIG. 4. The probability in time of finding a match for a 28
male year old user as broken down in terms of (sub)group of
interaction.
same test case as a stacked probability plot. In Figure
3 we consider the probability of finding a partner in
time as distinguished by quality while in Figure 4 we
distinguish by the group from which a match is likely
found.
1. Utility Function Valuations
The ultimate purpose of the Nanaya algorithm is
to determine the value of romantic options available.
We consider there to be three different options: to
remain in an existing relationship, to be single with
no intention of being in a relationship, and to be
single and interested in a relationship of opportunity.
To calculate the utility of these options, we consider
two functionals. We define functionals to calculate a
value of relationships between two individuals and a
functional for the value of being single. The units of
utility are arbitrary; it is in comparison of values be-
tween forecasts that we can determine optimal outcomes.
2∏
g
D∑
i
ag,ie
−wg,i|trait2,i−trait1,i|t (1)
The value of a relationship between two individuals
is derived from a functional that operates in a highly
dimensional personality space that is a function of the
traits measured in the psychometric assessment and
other values input by the user. Exactly, we assert D > 3
is fundamentally required due to psychological aspects of
the problem. Weighted proximity between median user
trait desires and partner trait values for both partners
for a given trait indicates value of the relationship for
that given trait. Equation 1 is an example of such a
function. Naturally, this value is a function of time
wherein a relationship depreciates overtime. In Equation
1 we can tell that relationships depreciate in a compound
manner over time.
A system of differential equations over personality
space that converges on an equation like Equation 1 may
also be constructed which makes it possible to evaluate
system stability in time. Naturally, in a subjectively
defined, highly dimensional space it may be all but
impossible to draw fundamental insights or conclusions
- but it would be really cool. [9]
Values for specific individuals can be input for such a
utility function. In evaluating the utility of possible
matches we can generate a pseudorandom set of suitors
through a Monte Carlo simulation. The personalities of
the pseudorandom suitor set are determined by principle
component analysis from the occupied personality space
of the subgroups accessible to the user. Therefore we
evaluate relationships that are most probable, not most
ideal. This provides realistic forecast as opposed to
a wholly randomized one or one that is overly ideal.
We can consider the average and standard deviation
of the penalty, wg,1, assessed to pseudorandom suitors
as compared to a specific individual. In Figure 5 we
compare to a notional girlfriend.
The form of the functional of being single is based
on user personality and direct user response to select
questions that indicate user life goals. This indicates
what “single space” looks like.
With these two building blocks and through incor-
poration of cumulative probabilities for each subgroup
as determined in the prior step, we can determine the
optimal decision for the user given highly personal user
context. In all forecasting, errors and other sources of
6FIG. 5. The averaged penalty (e.g. w¯g,i across all traits and
all Monte Carlo simulation generator suitors as compared to
the average penalty of a notional girlfriend.
FIG. 6. The romantic options available, and their value in
time, for the on-going example of a 28 year old man. The
forecasted value of Single - Case 1 and Single - Case 2 are
based on two different locations with nearly identical social
interaction.
uncertainty are propagated. In Figure 6 we forecast the
value in time of several relationship options; one is the
existing relationship while the other two are different
cases of being single based on location. In this example,
it is clear that the user should remain with his girlfriend
despite good odds in Figures 3 and 4 of finding another.
In Figure 7 we consider the new case of a 51 year old
man who is currently single having left a relationship
in the past. If he were to repeat the relationship, the
forecast predicts greater utility in remaining single per
his social circumstances.
D. Reporting
The values determined with the utility functions and
cumulative probabilities can be reported to the user for
decision making. Additional synthetic metrics or com-
parison to the existing dataset of users (this need not be
personal) can indicate scores of the following to the user
• Their romantic selectivity
FIG. 7. A new case of a 51 year old single man wherein a pre-
vious romantic decision was reaffirmed by algorithm output.
• Their opportunity for non-romantic social growth
• Their opportunity to find a match or love, however
that may correlate
• If they have a partner:
– The quality of their partner as compared to
non-failed suitors
– Whether remaining in a relationship or return-
ing to being single will probably provide max-
imum utility
Moreover, the data sets that are used to derive sin-
gle encounter probabilities are also useful in determin-
ing ideal subgroups for the user. Results from database
queries can be used to determine ideal and worst loca-
tions, jobs, demographics, and other subpopulations to
best find friends or lovers.
III. FUTURE WORK
Validation is one of the trickiest parts of long-run fore-
cast models. Thus far, validation efforts have focused on
those who have been felt firm in their previous romantic
decisions, ideally for several years. This poses issues
in the evolution of personalities through relationships
as well as remembering previous social circumstances.
We look forward to on-going validation efforts and
methodologies that allow us to reduce the amount of
input necessary to the model.
A remaining issue is incorporation of bisexuality
into the algorithm. Non-binary orientation creates
considerable complexity as bisexual individuals may
not seek identical traits in partners of both genders or
value both genders equally. This impacts windows of
compatibility, thus single encounter probabilities, and
also empirically descriptive utility functions. Therefore
theoretical work and continued validation from satisfied
7bisexuals remains necessary.
A extension for polyamorous relationships is also
under development. Needless to say, moving from
a 2− to a 3− or N−body problem is quite difficult
informationally and computationally. Naively, from a
non-linear systems perspective we suspect long-term
polyamorous outcomes will be chaotic and generally
unstable.
Another feature that was intentionally overlooked
is the incorporation of intertemporal choice. While a
realistic description would incorporate this phenom-
ena, and indeed factors of diminishing utility can be
readily incorporated, we believe it to be more philo-
sophically sound to give prescriptive as opposed to
descriptive assessment of utility as to assure the user
that patience may bring better outcomes rather than
hasty decision making. Nonetheless, validation can
only be done through description of past events and
incorporation of diminishing utility. Herein, previous
romantic experiences need to be assessed along side
psychometric evaluation [10]. Therefore, we look forward
to incorporating this diminishing utility in future model
validation.
IV. SUMMARY
We can summarize the process with the following steps:
1. User romantic and life desires, social behavior, and
feelings toward an existing partner are entered into
the algorithm.
2. The probabilities of finding a match across all parts
and times of the users life are calculated.
3. Social behavior across all groups a user interacts or
will interact with are modeled.
4. The above data are entered into a utility function
equation which is scaled to account for time spent
while single.
5. Results are reported to the user in an easy to un-
derstand format.
V. CONCLUSION
Thus, with such an algorithm it is possible to numeri-
cally solve one of mankind’s most timeless problems in
a consistent and objective manner. Colloquially, we
can determine the chances of finding love and
where and when it will be found. We can also
determine if any given relationship is worth the
time and potential emotional investment.
For individuals who are not self-certain and lack
the access to impartial help, Nanaya provides clar-
ity to romantic and social decisions in an unbiased
manner. For those who are in the process of making
difficult decisions, Nanaya brings the sort of objective
affirmation that is otherwise impossible. For others,
including the author, Nanaya is a unique application
of systems analysis and mathematical methods that
provides remarkably self-consistent and personal results.
Beyond the algorithm significant data is obtained and is
then accessible which can indicate ideal cities, careers,
ethnicities for finding friendship or romance through
database queries.
We must emphasize the use of “colloquially.” Love
is more than just a number. Despite consistency and
objectivity, we believe there is far more to human
relationships than can be put to numbers. In highly di-
mensional problems with unverifiable initial conditions,
it is all but impossible to predict an exact outcome.
The Nanaya algorithm reduces a difficult mathematical
problem into straight-forward algorithm with practical
results. The point of Nanaya is to bring certainty and
affirmation to decision making - not to make a decision
for the user. Moreover, we believe that the input process
itself may be just as valuable for the user than the model
results. For many individuals on the cusp of romantic
decisions, many questions about life goals and romantic
desires have never been formally or externally broached.
Nanaya provides a neutral and objective medium to ask
these questions with minimal priming.
For more information and use, please see www.nanaya.co
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